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Abstract—Until now most approaches in technology enhanced 
learning that take into account prior learning stem from learner 
modeling. In the context of the TENCompetence project we are 
exploring alternatives to this top down approach for Prior 
Learning Assessment. We explore Latent Semantic Analysis as a 
technique to assess prior learning by correlating documents in a 
learner portfolio with documents in target learning activities.
 
I. INTRODUCTION 
RIOR learning experiences are important for learning. In 
some European Countries like the Netherlands or the UK 
the process of Accreditation of Prior Learning (APL) is a 
standard procedure to assess a student and allow exemptions 
for a study program [1]. The result of this process is an 
individualized curriculum. In a traditional APL procedure 
students apply for exemptions with a portfolio that is 
subsequently assessed by experts from the domain who then 
decide about exemptions. The drawback of this procedure is 
that is very time and cost consuming. 
In the TENCompetence project we are aiming at the 
development of an infrastructure for lifelong competence 
development [2]. In this context we explore approaches to 
assess prior learning experiences and to offer individualized 
learning paths through a collection of learning activities in a 
learning network. Traditionally this problem has been 
addresses by adaptive hypermedia research on learner 
modeling [3]. But the solutions from learner modeling have 
several limitations: On the one hand they only work in one 
adaptive system that “learns” over time about the learner’s 
preferences and behavior. On the other hand a static pre-
designed model of a learner does not fit to the dynamics in 
lifelong learning. 
To overcome the limitations of existing approaches we are 
developing content-based approach to prior learning 
assessment in learning networks. 
II. PRIOR LEARNING ASSESSMENT IN LEARNING NETWORKS 
Our project is based on the assumption that content can be 
taken as a proxy to estimate prior knowledge of a learner. The 
rational behind the project is discussed in [4]. The estimation 
of prior knowledge is calculated through the similarity of 
content in the learner’s portfolio and the content that is 
connected to his/her target learning activities. To calculate this 
similarity we use Latent-Semantic-Analysis [5].  
 
 
The results of such a similarity analysis is an ordered list of 
correlations between documents in the learner portfolio/profile 
and the target learning activities. High correlations with target 
activities may, depending on the policies of the learning 
environment entitle the learner to exemptions. Since the 
number of documents for solving this educational problem 
will be quite small compared to an information retrieval 
scenario, Van Bruggen et al. conducted an exploratory study 
into the usability of LSA in small scale corpora and reported 
promising results [6]. 
III. THE CASE STUDY 
To test our model we collected data in an introductory 
psychology course at the Open University of the Netherlands. 
The online course consisted of 18 learning activities based on 
a textbook. Every chapter covers a subtopic of the psychology 
domain. We asked participants of this course in advance to 
comment on prior learning experiences that they considered 
relevant to the course. We invited them to substantiate this by, 
wherever possible, uploading files they had produced or read 
during their prior education. Since we could not expect 
students to know exactly what topics were presented in the 
chapters we also questioned them after completion of each 
chapter on the novelty of the presented material. We also 
constructed some additional cases to reach a sufficient variety 
of profiles. Latent Semantic Analysis was used to analyze this 
material and to calculate correlations between the learner 
documents and the target learning activities. 
To evaluate these results we will use an expert validation. 
Domain experts will analyze the material and decide about 
exemptions under a strict exemptions policy and under a more 
lenient policy. Another measure we are interested in is the 
time that experts spend to come to a decision because one of 
the main reasons for our project is to make the APL procedure 
more efficient. The decisions and the time needed for analysis 
of the portfolios will be compared to LSA results. 
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IV. THE CORPUS AND THE SOFTWARE 
The final corpus contains 800 documents selected from the 
course book, other psychology books and Wikipedia articles 
from the Dutch Wikipedia. Textstat [7] reports 35742 words. 
The corpus was filtered using a modified Dutch newspaper 
stop list [8]. 
For the analysis we followed the optimization procedure 
described in [6] and decided to use 20 singular values for the 
analysis, corresponding with 90% of the variance being 
explained. Visual inspection (“Scree test”) of the singular 
values revealed a steep drop in the size of the singular values 
as well. We compared the results of analyses using 10, 20 and 
40 singular values and found that the analysis with 20 singular 
values resulted in a.) a sufficient discrimination between the 
chapters; b.) a high correlation between the chapter and the 
learner portfolio when there is sufficient thematic overlap and 
c.) a low correlation when there is no or only a little overlap.  
For the analysis we used the GTP application by Giles, Wo & 
Berry [9]. 
V. PRELIMINARY RESULTS AND OUTLOOK 
The provisional results are encouraging: portfolios with 
‘popular psychology’ content produced no match. A portfolio 
of a student who had already finished several psychology 
courses produced several matches for the subchapters of the 
book. On the other hand student portfolios with only prior 
knowledge for one of the chapters (e.g. the chapter about 
perception) showed only a high correlation to this specific 
chapter but low correlations for the other chapters. 
The current results are limited and provisional in many 
ways. First, the results need to be validated against expert 
assessments, where the main question is whether LSA-based 
decisions are comparable to expert placement decisions. Here, 
as well as in essay rating, the reliability of expert judgments 
has to be taken into account. More interesting, however, is 
whether experts operate by matching documents. For example 
in one case, a technical description of an experiment, LSA 
returned no matches. A human expert is capable of inferring 
prior knowledge. Second, the current analyses are based on 
the assumption that a one-to-one match exists between a 
student document and a target document (here a chapter). A 
more realistic scenario would be that there are several partial 
matches between student documents and target documents.  
For example, a student paper that addresses one particular 
topic would partially match a target document that deals with 
other topics as well. The type of automatic topic recognition in 
combination with segmentation of the documents is beyond 
the scope of our current research. 
In this part of the project we only focus on content analysis 
while we will widen the scope in the future also on the use of 
metadata and ontologies for prior knowledge assessment. The 
whole project plan is described in [10]. 
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